time (relative to Beagle) of SHAPEIT1 (K = 100), SHAPEIT2 (K = 100) with one and four threads and HAPI-UR (3×) on data sets of up to ~9,000 samples. On a data set of 8,897 samples on chromosome 10, the running times of SHAPEIT2 (K = 100) with four threads, HAPI-UR (3×) and Beagle were 24.3 h, 22.5 h and 52.9 h, respectively. On data sets with high SNP density, computational performance was also good ( Supplementary Table 1 ).
An alternative strategy for phasing whole chromosomes, called partition-ligation (PL), involves estimating haplotypes in overlapping windows in parallel, followed by ligation across windows. Running SHAPEIT2 once per chromosome has better accuracy than PL but is much simpler to apply ( Fig. 1f and Supplementary Note 2). It may be possible to improve the performance of PL with alternative strategies.
We investigated the downstream impact of phasing GWAS samples on subsequent imputation performance (Supplementary Note 2). We found that SHAPEIT2 haplotypes led to a clear boost in imputation performance compared to other methods ( Supplementary  Figs. 3 and 4) .
Large panels of haplotypes from projects such as the TGP might be used to help phase new cohorts, effectively by increasing sample size. This functionality has been included within SHAPEIT2. We phased different-sized subsets of the Vietnamese cohort separately and then together with the TGP Phase 1 haplotypes (Supplementary Note 2). Phasing with a reference panel improved performance, but only when the data set had fewer than 100 samples ( Supplementary Fig. 5) . When there is a close match in ancestry between study samples and reference panel, we expect that accuracy will improve with larger study samples.
When a cohort consists of samples with a diverse set of ancestries, one practical question that arises is whether to phase the samples together or separately within distinct ancestral groups. Using 2,123 TGP samples from 14 distinct populations, we found that performance was improved by phasing all samples together rather than separately in continental groups ( Supplementary Figs. 6 and 7) . These results suggest that SHAPEIT2 not only is robust to diverse ancestries but can take advantage of haplotype sharing between populations to improve performance.
SHAPEIT2 is available as Supplementary Software and at http:// www.shapeit.fr/. 
High-resolution whole-genome haplotyping using limited seed data
To the Editor: The term 'haplotype' refers to a group of alleles inherited on the same chromosome. Although most sequencing technologies cannot resolve which chromosomal copy a given sequence comes from, the value of haplotype information for genetic studies is increasingly being appreciated by researchers. Haplotypes are important for inferring disease status, determining which allele combinations tend to segregate together and helping to 'fill in' or impute missing values in regions that lack genotype information to power association studies. Statistical methods exist that can resolve or 'phase' haplotypes, but these have been limited to short sequence stretches and can be computationally demanding. Technical difficulties still exist for obtaining accurate whole-genome and long-range haplotypes experimentally 1,2 .
Two high-throughput experimental haplotyping approaches have been developed recently. A single-chromosome isolation approach can yield entire chromosomal haplotypes, but resolution is low because of locus dropout during single-molecule whole-genome amplification [3] [4] [5] . A fosmid-based approach yields high-resolution haplotypes but not of chromosome length 6 . To improve the resolution of our previously described single-chromosome approach 4 , we have developed the haplotype imputation from incomplete data (HiFi) software. Using limited experimental seed data, HiFi can yield two integral, high-resolution personal chromosomal haplotypes in a cost-and time-efficient manner.
Our aim was to integrate the chromosomal-range accuracy of experimental haplotyping with the efficiency of computational approaches. HiFi exhaustively seeks unambiguous matches to an individual's seed haplotypes and genotypes among a panel of reference haplotypes along a sliding window ( Fig. 1 and Supplementary  Methods) . Once HiFi identifies a single match in a window, it uses the identified reference haplotypes to impute the phases at all loci within this window. If HiFi does not find a unique match, it adjusts the window size and repeats the search automatically.
We examined HiFi performance on three data sets ( Supplementary  Table 1 ), measuring accuracy as the concordance of HiFi output with high-confidence phase results from trio families (Supplementary Methods) . We simulated the first data set from HapMap trio haplotypes; then we blinded the phases randomly at 70% of the entire (homozygous and heterozygous) single-nucleotide polymorphism (SNP) set. The second data set contained haplotyperesolved SNPs at ~40.7% of heterozygous loci with the single-chromosome isolation approach 3 . We observed 99.5% (Caucasian) and npg nature methods | VOL.10 NO.1 | JANUARY 2013 | 7 correspondence 99.2% (African) concordances among all SNPs (including homozygous and heterozygous loci) and 98.1% (Caucasian) and 97.9% (African) concordances among imputed heterozygous SNPs in the first data set (Supplementary Table 2 ). In the second data set, we observed 99.7% concordance among all SNPs and 98.2% concordance among imputed heterozygous SNPs ( Supplementary Table 3 ). Single-chromosome haplotyping data 4 from the third data set further validated HiFi accuracy, which achieved 98.23% concordance among imputed heterozygous loci starting from 30% of phased heterozygous SNPs. The existence of missing data in the input seed haplotype and genotype data sets showed only a modest influence on the accuracy of HiFi (Supplementary Tables 4 and 5) . Thus, relatively limited seed information can be used in combination with HiFi to gain accurate long-range haplotypes.
Because it is unrealistic to recruit a well-matched reference panel for every population in the world, mixed reference panels from diverse populations have been suggested for when well-matched references are unavailable. The capacity to handle a large reference panel would thus be an essential feature for imputation software. We created a series of simulated reference haplotype panels of various sizes and observed high speed and a linear relationship between panel size and computing time using HiFi (Supplementary Fig. 1) .
Errors cannot be avoided in input data. To examine the error tolerance of HiFi, we introduced allele-calling errors into seed genotype and seed haplotype data sets, and flip errors into the reference panel. When both seed genotype and seed haplotype input contained a 0.5% error rate, HiFi accuracy was 97.7% among heterozygous sites ( Supplementary Table 6 ). Flip errors in the reference panel did not significantly affect the accuracy of HiFi (Supplementary Table 7) .
We summarize the features of HiFi in Supplementary Table  8 . HiFi phased 116,415 SNPs in 10.6 s on a desktop computer (CPU 3.0 GHz, 8 GB of RAM), and it could be used to phase each human genome in ~2.5 min with >99% accuracy (Supplementary Tables 3 and 9 ). Owing to its simplicity, HiFi reached a very high computing speed ( Supplementary Fig. 2) , and the computing time correlated linearly to the number of SNPs ( Supplementary Fig. 1 and Supplementary Table 9 ). HiFi performed well on rare SNPs, with an accuracy of 94.1% among imputed rare heterozygous loci ( Supplementary Table 10 ). In parallel to HiFi, we have developed a quality-score system that is outputted together with the phasing results (Supplementary Figs. 3 and  4) . As a reference-based method, HiFi cannot phase de novo mutations and structural variation until they are included in future reference panels (see Supplementary Discussion for advantages of long-range haplotyping information and limitations of the software). The entire procedure and projected labor and costs of this integrated haplotyping pipeline are described in Supplementary Table 11 and Supplementary Note 1.
The HiFi program and test datasets are available as Supplementary Software.
